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ABSTRACT 
This paper presents an event-based failure 
model to predict the number of failures that 
occur in water distribution assets. Often, such 
models have been based on analysis of 
historical failure data combined with pipe 
characteristics and environmental conditions. In 
this paper weather data have been added to the 
model to take into account the commonly 
observed seasonal variation of the failure rate. 
The theoretical basis of existing logistic 
regression models is briefly described in this 
paper, along with the refinements made to the 
model for inclusion of seasonal variation of 
weather. The performance of these refinements 
is tested using data from two Australian water 
authorities. 
INTRODUCTION 
Event-based failure models are currently used 
by Australian water authorities to predict the 
number of failures that will occur in water 
distribution assets into the future (Burn S et al. 
2003). These models allow the impact of 
different asset management strategies to be 
investigated, and thereby allow budgetary 
requirements and the level of service provided to 
customers to be estimated. 
Models of this type are based on fitting historical 
failure data using logistic regression analysis as 
a function of the pipe characteristics and 
environment. Failure rates vary greatly between 
years but also between seasons, which is mostly 
due to variability in weather conditions. Climate 
change is predicted to have an increasing affect 
on Australian weather patterns (CSIRO & 
Bureau of Meteorology 2007), so it is becoming 
increasingly important for water authorities to 
understand the impact of climate on pipe failures 
and have accurate and comprehensive models 
for their predictions and management. 
The aim of this paper is to show how the 
currently developed models can be refined, to 
take into consideration climatic effects, by 
incorporating weather parameters, namely the 
minimum antecedent precipitation index (API) 
and the net evaporation. 
This paper will first introduce a currently used 
model and explain how it was modified when 
including weather parameters. Its application 
and evaluation will then be presented using data 
provided by two Melbourne water authorities. 
Finally, the outcomes of our findings will be 
discussed along with possible improvements to 
the model for future work. 
MODELLING BURST EVENTS 
Regression models are widely used to describe 
the relationship between a response variable 
and one or many explanatory variables. These 
models can take different forms depending on 
the problem and the data at hand. In this 
section, the form of the regression model 
currently embedded into the PARMS software 
tools, used by a number of water authorities 
across Australia (Burn S et al. 2003); (R.G. 
Jarrett et al. 2001) will be described. Then the 
climatic variables will be added to the model and 
the required modifications of the model will be 
explained. 
The PARMS model 
Pipe bursts are modelled using initially a Non-
Homogeneous Poisson process with a 
cumulative hazard function of the form as shown 
in Equation (1), were β represents the pipe 
deterioration rate and A are the pipe 
characteristics parameters such as length, 
diameter, pressure, etc.  
Within a one-year period, the number of failures 
follows a Poisson distribution with mean 
expressed as in Equation (2). In this model, β  is 
assumed to be the same for all assets of a 
particular material or material cohort, but A 
varies across assets according to their individual 
characteristics. 
The failure rate of a pipe varies proportionally to 
most pipe properties with the exception of length 
for which it varies as a power function (R. Jarrett 
et al. 2002). However, the failure rate is not only 
affected by the pipe properties; variations can 
also be due to other aspects such as the way the 
data are recorded, environmental and 
operational conditions and installation 
techniques. These aspects are taken into 
account by introducing three parameters (mk, rk 
and ϕk). They represent respectively  
• the rate at which bursts are matched to 
pipes in the data set (the matching rate),  
• the proportion of each year of the 
observation period for which bursts have 
been recorded (the recording rate) and  
• a year effect factor, that accounts for 
unexplained variations between observation 
years. 
Allowing for these parameters to be included in 
the A term of Equation (2) modifies the model so 
that the number of failures in the kth year of 
failure for the jth asset within the ith material class 
is modelled as a Poisson random variable with 
mean µijk given by Equation (3). 
This model is the one currently used in the 
PARMS software tools and it allows prediction of 
failures on individual pipes and for individual 
years. 
Required and Optional Parameters 
The model requires three mandatory 
parameters; they are the age, the length and the 
material of each pipe in the dataset. Other 
factors describing the pipe and its environment, 
included in the aij factor, can also be included in 
the model as they are available in the datasets. 
In this study, data on the soil environment and 
the pipe’s diameter were available and thus 
included as model parameters. 
A new model for predicting failures 
The aim of this study was to better explain the 
seasonal variation of the pipe bursts by 
introducing weather parameters into the PARMS 
model described above. The introduction of such 
variables implied some modifications of the 
model which are detailed below. 
Choice of weather parameters 
Variation in weather can be considered at 
multiple scales; while yearly estimation of 
weather doesn’t allow for seasonal variability, 
daily observations would overload the model and 
give poor estimations. Monthly averages were 
considered a good compromise when fitting the 
data. Two weather parameters were decided 
upon, as they showed good correlation between 
the number of pipe bursts and both the minimum 
antecedent precipitation index (API) and the net 
evaporation (Gould et al. 2009). 
Modifications of the model 
The first implication of the introduction of the 
weather parameters is that the ϕk parameter was 
discarded. This parameter’s purpose is to 
account for unknown information influencing the 
failure rate over the years. As one of the main 
factors influencing such variation is the weather 
conditions, it was proposed to keep the weather 
parameters only.  
In addition, because the weather parameters are 
monthly variables the model had to be fitted on a 
monthly basis opposed to the previous yearly 
basis. The model was modified to the form as 
shown in Equation (4), where k is the year of 
failure, l the month of failure, j the asset and i the 
material class. 
While this model allows for monthly input for the 
weather parameters (ωk), it still uses yearly 
estimates for the age, the matching and 
recording rates. Considering the age as a 
monthly input would not add value to the model 
since most of the installation dates are recorded 
as an installation year without  the precision of 
the month. Similarly, the matching and recording 
rates are dependent on the recording 
procedures quality, not the pipe conditions which 
does not require being monthly input. 
Assigning the monthly weather data to each pipe 
required that each asset record was repeated for 
each month it was in-service during the 
observation period (period for which failures are 
recorded and used in the analysis), as shown in 
Table 6. This generated a very large file which 
necessitated a more powerful computer to carry 
out the statistical analysis than is used in the 
standard PARMS analysis. This was tried at first, 
but proved to be unsatisfactory from a statistical 
point of view, because many of the entries had 
no or only one failure recorded against them. 
The data to fit were thus mainly zeros and ones.  
It was thus decided to perform the analysis on 
groups of pipes with the same characteristics. 
The pipes were grouped according to their 
material class, diameter group, soil environment, 
nearest weather station and year of installation. 
The PARMS model has thus been modified as 
to handle the use of monthly weather 
parameters and failures are now modelled on 
groups of pipes with similar characteristics. 
Fitting the model 
Having defined the model, the parameters could 
be estimated using statistical techniques. The 
process used is in two stages: 
• the β factors are estimated using regression 
analysis  
• the remaining parameters, expressed in the 
‘A’ term of Equation (2) are then estimated.   
In more detail, the values of β can be estimated 
by applying a method commonly used in medical 
studies that consists in analyzing the data in the 
form of an “Age, Period, Cohort” layout. Age 
represents the age of the pipe at a calendar year 
(or year of failure); Period represents the year in 
which the failure occurs and Cohort the year in 
which the pipe was laid. This “Age, Period, 
Cohort” layout is defined for each material using 
regression analysis methods on a model derived 
from Equation (2) for each material parameter. 
Once the β values are known for each material 
cohort, Equation (4) is linear and the remaining 
parameters can be estimated. In this case, the 
method of fitting used was the “maximum 
likelihood” method. In this approach, the 
unknown parameters are evaluated so that they 
provide the best fit between the observed 
number of failures and those obtained from the 
model. 
WATER MAINS NETWORK ANALYSIS   
This section will illustrate the application of this 
model to two water mains networks in the 
Melbourne area. 
The data 
Data acquisition and cleaning 
The data used in this analysis was provided by 
two water authorities in the Melbourne area. The 
datasets differed in size, observation period and 
quality. A data cleaning process was undertaken 
so that the two datasets could be merged. 
Failures that occurred within an overlapping 
observation period were retained; records 
without sufficient information were discarded. A 
common set of data with same properties (such 
as diameter, material…) made the final dataset, 
Classes were created within each qualitative 
category as explained in (Gould & Kodikara 
2008). The period of observation for this analysis 
is from 1st of January 2001 until 31st of 
December 2004. 
Addition of weather data to pipe characteristics 
A GIS query on the pipe location provided 
information of the closest weather station to 
each pipe, so that most likely weather conditions 
at the pipe could be assigned. Ten weather 
stations were considered for the area of this 
study. The selected weather parameters, namely 
the minimum API and the net evaporation, were 
then assigned after calculating their monthly 
averages. 
Data grouping 
The assets were grouped according to their 
characteristics : material class, diameter group, 
soil environment, nearest weather station and 
year of installation. The length of pipe of each 
group is the sum of the length of the individual 
pipes making up the group. The number of 
failures was added to each group of pipes for 
each month of each year.  
This paper presents results for cast iron (CI) 
pipes only. The final dataset analysed here 
contained 157,800 asset entries, corresponding 
to 2,630 assets groups over 5 years of 
observation (i.e. 2001-2004) with a total length of 
3,880 km. The failures for that period amounted 
to 13,184. 
Results 
Model fitting 
As noted above, the first part of the analysis 
consisted in performing the “Age-Period-Cohort” 
analysis. For CI data, the analysis showed that 
three material classes could be distinguished, 
namely CI<1906, CI1906-45 and CI>=1946, 
representing respectively pipes laid before 1906, 
between 1906 and 1945 and from 1946 
onwards. A different β value for each cohort was 
calculated, as shown in Table 1.  
 
Table 1 – Beta values for each material cohort 
 
 CI< 1906 CI 1906-1945 CI >=1946 
Beta 2.387 1.782 2.403 
Std Err 0.249 0.231 0.207 
 
As noted previously, once the β factors have 
been estimated, it is possible to fit the model as 
a generalised linear model in which the number 
of failures in each group of assets is assumed to 
follow a Poisson distribution with mean 
described as in Equation (4). The estimated 
parameters resulting from the analysis are given 
in Table 2, along with their standard error. 
 
Table 2 – Parameters values of the model 
 
 Estimate Standard Error 
(Intercept) -1.81E+01 8.27E-02 
log(Length) 1.01E+00 9.88E-03 
MtcCI>=1946 3.95E+00 2.85E-02 
MtcCI1906-1945 -4.52E-02 3.26E-02 
Diam100-150 -2.57E-01 4.70E-02 
Diam150-200 -7.28E-01 4.98E-02 
Diam200-250 -1.61E+00 8.64E-02 
Diam250-300 -1.24E+00 2.46E-01 
Diam300-350 -1.78E+00 1.02E-01 
Diam350-400 -1.62E+00 5.02E-01 
SoilCodeSE -6.68E-01 2.77E-02 
SoilCodeST -6.72E-01 6.51E-02 
SoilCodeVE 5.00E-01 2.02E-02 
MinAPI -1.18E-01 5.48E-03 
NetEvaporation 2.19E-03 1.52E-04 
 
 
Assessing the quality of the model 
Having fitted this model, we can obtain "fitted 
values" for each group of assets.  These fitted 
values can be totalled in a variety of ways and 
plotted against the observed number of matched 
failures to assess how well the model fits. Figure 
1 provide plots of the observed (open circles) 
and fitted (solid line) failure rates accumulated 
over all groups of assets as a function of year of 
installation 
A vertical line is plotted against each observed 
value indicating where the "true" value is likely to 
lie (with 95% confidence).  Visually the model 
provides a good fit provided the vertical lines 
mostly intersect the fitted values. 
The "Pearson Chi-square” was also calculated 
for each set of materials, diameter class and soil 
code.  We found that overall the Pearson Chi-
square is 1.291 times its degrees of freedom.  If 
the variation in the system were truly Poisson, 
this value would be 1. The purpose here is to 
see whether there are any particular classes of 
assets for which this ratio is much bigger, which 
would imply that the model was failing to fit that 
class well.  The following tables present these 
values for the qualitative parameters of the 
model. 
 
Table 3 – Pearson chi-square with material 
classes 
 
 Pchi DF Pchi/DF 
CI<1906 46102.54 27119 1.700 
CI1906-1945 53342.04 42959 1.241 
CI>=1946 103583.2 87119 1.188 
Tot 203027.7 157197 1.291 
 
Table 4 – Pearson chi-square with diameter 
classes 
 
 Pchi DF Pchi/DF 
050-100 15294.73 12539 1.219773 
100-150 77698.39 59459 1.306756 
150-200 53639.63 43499 1.233123 
200-250 38762.62 24359 1.591306 
250-300 1365.305 1379 0.990069 
300-350 15110.32 14339 1.053792 
350-400 1156.733 1619 0.714474 
Tot 203027.7 157193 1.291583 
 
Table 5 – Pearson chi-square with soil codes 
 
 Pchi DF Pchi/DF 
EX 61824.79 54719 1.129 
SE 58421.68 43079 1.356 
ST 33624.47 20159 1.667 
VE 49156.8 39239 1.252 
Tot 203027.7 157196 1.291 
 
The ratio within the different classes shows little 
departure from 1, which indicates that the 
response function is appropriate. 
DISCUSSION AND FUTURE WORK 
 
While the addition of weather parameters to the 
generalised model has shown satisfactory 
results, the model rests on a number of 
assumptions that merit further investigations. 
Choice of weather parameters 
The selection of the weather parameters, 
minimum API and net evaporation, was 
determined by the results of a parallel study 
(Gould et al. 2009). They showed the best 
correlation to the number of pipe failures 
amongst a set of weather parameters, and also 
provided satisfactory results when fitting the 
model. However the use of these two 
parameters raised the question as wether to 
include them simultaneously in the model as 
they are correlated according to their definition.  
Both parameters include rainfall in their formulae 
and could show some redundancy in the model. 
Tests were done to see their level of correlation 
and while showing higher correlation than most 
of the other predictors; their effect on the 
response variable was marginal.   Moreover, net 
evaporation is not dependent only on rainfall, but 
also includes information of solar radiation, air 
temperature, air humidity and wind speed (Allen 
2005). Thus using this parameter made sense 
as it enclosed other weather factors that could 
not be considered independently.  
Other parameters such as minimum and 
maximum temperatures were also considered in 
first instance, but did not show much 
improvement to the model. Further work should 
be carried to extensively consider other weather 
predictors. 
Time lag between weather condition and 
pipe burst  
While the inclusion of weather parameters in the 
model is considered a refinement, there still 
remains the question as to wether using the 
monthly weather data in which the burst 
occurred is adequate. This is because it may 
take longer than a month for weather conditions 
to impact the pipe environment. It would 
therefore be useful to study the long term effect 
of weather patterns on the pipe condition; for 
example, adding some lag parameter to the 
equation. The influence of previous years effect 
could also be taken into account as long term 
weather patterns are expected to have some 
influence.  
Benchmarking against independent data 
While statistical tests of the model have proven 
satisfactory, benchmarking against independent 
data is required to confirm the adequacy of the 
model.  
CONCLUSION 
While current statistical failure models of water 
mains take into account pipes characteristics, 
they often omit the impact of the weather 
conditions. The model presented in this paper 
allows for selected weather parameters, 
minimum API and net evaporation, to be 
included and has shown encouraging results.  
Future research will consider the inclusion of a 
wider range of weather parameters as well as a 
lag factor that expresses possible delay between 
the weather events and the burst occurrences. 
The refinements of the model have the potential 
for allowing weather scenarios to be included in 
analysis of asset management strategies. 
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FIGURES 
 
Figure 1 - Observed and fitted failure rates accumulated as a function of installation year 
 
 
TABLES 
 
Table 6 – Example of the asset record database with addition of weather data 
Asset 
Identifier 
Year  
Laid Diameter Length Material Soil 
Number 
of  
Failures 
Year Month Min API Net Evaporation 
p0001 1905 110 165 CI Expansive 0 2003 1 0.62 166.4 
p0001 1905 110 165 CI Expansive 0 2003 2 2.69 123.6 
p0001 1905 110 165 CI Expansive 1 2003 3 0.26 57.5 
p0001 1905 110 165 CI Expansive 0 2003 4 1.97 -65.1 
p0001 1905 110 165 CI Expansive 0 2003 5 3.5 20.7 
… … … … … … … … … … … 
 
EQUATIONS 
 βAttH =)(  
(1) 
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NOMENCLATURE 
 
ijkt : Age of pipe i, material j, at year k  
β : Deterioration rate for pipe material 
klω : Weather parameters for year k and month l 
ija : Characteristic parameters of pipe i and material j 
kr : Recording rate for year k 
km : Matching rate for year k 
ijL : Length of pipe i of material j 
kϕ : Year effect factor for year k 
A : Pipe characteristics 
H : Hazard function 
 
